This study presents a simple mapping key suitable for quick and systematic assessments of the types of agricultural and civil engineering structures present in a certain agricultural catchment as well as the impact they may have on the spatial distribution of critical source areas. An application of this mapping key to three small sub-catchments of a case study catchment with an area of several hundred square kilometres (one-stage cluster sampling) in Austria clearly reveals that road embankments with subsurface drainage can exert a major influence on emissions and transport pathways of sediment-bound pollutants like particulate phosphorus (PP). Due to this, the semi-empirical, spatially distributed PhosFate model is extended to separately model PP emissions into surface waters via storm drains along road embankments. Furthermore, the overall share of road embankments with subsurface drainage on all road embankments in the case study catchment is inferred with the help of a Bayesian hierarchical model. The combination of the results of these two models shows that the share of storm drains at road embankments on total PP emissions ranges from about one fifth to one third in the investigated area.
Introduction
Many efforts to control diffuse pollution of surface waters in agricultural catchments are based on the concept of critical source areas. This concept commonly refers to relevant source areas connected to surface waters in a way that allows significant amounts of pollutants to enter surface waters (e.g., [1] [2] [3] ). While the concept of critical source areas is basically applicable to many different pollutants, it is particularly relevant in the case of particulate phosphorus (PP) and other sediment-bound emissions.
PP emissions in agricultural catchments are in fact often dominated by soil erosion processes and PP transport into surface waters by overland flow. In this context, a common approach to identify critical source areas is the use of spatially distributed models. De Vente et al. [4] compared different models developed to predict soil erosion rates, sediment yield and in case of spatially distributed models also sediment sources and sinks. They conclude that while empirical/conceptual, spatially distributed models show good model performances in comparison to data requirements, the application of this type of models is only appropriate in cases where the considered erosion (e.g., sheet, rill and ephemeral gully erosion) and sediment transport processes (e.g., overland flow, soil creep and debris flow) effectively dominate the catchment of interest.
This implies that in order to successfully apply such a model to a certain catchment, a priori knowledge on its dominant erosion and sediment transport processes as well as pathways is required.
A further objective is to estimate the share of PP emissions entering surface waters via storm drains and sewers at road embankments. The relevance of these structures is assessed for a case study catchment with an area of several hundred square kilometres. This is seen as essential information for policy makers facing the task to meet water quality targets in catchments of similar size.
Material and Methods

Case Study Catchment
This study was performed on the catchment of the river Pram in the Austrian federal state of Upper Austria, which is located in the northern part of the country. Its area is approximately 380 km 2 in size and it belongs to the geologic formation Molasse basin with small parts in the north and northeast belonging to the crystalline Bohemian Massif. The prevalent soil texture is silt loam (nearly 50% of the soil surface) followed by other types of loam. Only 5% of the soil surface are dominated by clay. Soil textures dominated by sand are not present in the catchment area.
Annual precipitation ranges from roughly 900 mm in the north with an elevation of about 300 m a. s. l. to around 1200 mm in the south with an elevation of about 800 m a. s. l. Agricultural land (approx. 45% arable land and 25% grassland) is prevailing in the predominantly hilly terrain. Forests account for about 20% and built-up areas for almost 10% of the catchment area. The most important crops are winter grains and maize covering approximately 40 and 30% of the arable land respectively. Additional catchment properties are listed in Table 1 . Diffuse PP emissions are totally dominated by erosion from, especially, agricultural land. Other types of sources are negligible [30] . Altogether, anthropogenic influence can be considered as high in this catchment. 
Mapping Key
The mapping key was developed based on the hydrological connectivity definitions related to landscape features and hillslope scale as collected by Ali and Roy ([32] , Table 1 ). Among these definitions, the one from Croke et al. [10] distinguishes "two types of connectivity: direct connectivity via new channels or gullies, and diffuse connectivity as surface runoff reaches the stream network via overland flow pathways."
For this mapping key, the direct connectivity type was extended to include not only channels and gullies but also ditches, culverts, storm drains and sewers. Direct connectivity was furthermore split into known and unknown direct connectivity in order to differentiate between areas connected to an existing (e.g., governmental mapped) stream network dataset and areas connected to the actual stream network via features unknown to such a dataset (cf. [33] ). The term diffuse connectivity was kept as it is.
A major issue with all connectivity mapping methods is that they merely record "snapshots" [34] . Within the concept of hydrological connectivity one can distinguish static/structural and dynamic/ functional elements of connectivity [35, 36] . A simplified view on these elements comprehends space as structure and space-time as function [37] . Omitting the functional element leads to a purely structural approach, which is solely capable of pointing out potential connectivity [34] .
De Vente et al. [4] note that empirical/conceptual, spatially distributed models are frequently built on the RUSLE [38] . Since this erosion model as well as its precursor USLE [39, 40] estimate long term yearly erosion rates under average climatic conditions only, which can likewise be considered a potential (erosion potential), they match comparatively well with purely structural connectivity approaches.
Ultimately, the development of this mapping key aimed at aiding practitioners in preparing modelling studies with empirical/conceptual, spatially distributed models for water quality management at catchment scale. It therefore was based on a purely structural approach focusing on discrete mapping units like fields or (parts of) zero-order catchments. With the term zero-order catchments we refer to the catchment areas of all zones in a landscape exhibiting an overland-channel transition (Figure 1 ). For each mapping unit, this mapping key fundamentally records if it is (i) connected or (ii) not connected in a natural way and/or if an (additional) artificial connection is (i) present, (ii) not present or (iii) present in a downstream mapping unit. It is thus required to map from downstream to upstream. Both of these types of connectivity are further supported by explanatory details, which include the cause of a mapping unit being connected or not in a natural way and, in case one is present, the type of the artificial connection.
Additionally, this mapping key allows for mapping artificial point-shaped and linear structures as well as natural features like channels missing in existing datasets. This can help with retracing flow pathways in case of questions once the mapping has been completed. The full ready to use and basically adaptable mapping key tables can be found in Appendix A.
Since connectivity is linked, among others, to discharge frequency, especially the categorisation of mapping units regarding connected in a natural way or not is somewhat arbitrary and in danger of subjectivity of the person(s) carrying out a mapping campaign. This issue can be addressed by defining a threshold obstacle height. Mosimann et al. [33] acknowledge obstacles higher than 50 cm as effective barriers for surface runoff, preventing connectivity, and so do we.
In order to efficiently apply this mapping key, a mobile geographic information system (GIS) supporting a global navigation satellite system (GNSS) with at least two datasets is required: (i) an existing stream network and (ii) borders of the desired mapping units as well as the ability to alter them. Additional digital orthophotos help furthermore with orientation and locating certain landscape features.
Application of the Mapping Key
For the application of the mapping key, agricultural fields were chosen as mapping units. The statistical population of the case study catchment is therefore the total amount of its fields. Survey sampling was carried out with the help of one-stage cluster sampling. Cluster sampling is particularly useful when the statistical population under consideration can be grouped geographically. In the present case, it was grouped into small sub-catchments, which allowed for minimising travel times.
Generally speaking, one-stage cluster sampling refers to the random selection of a subset of all clusters and the systematic assessment of all elements within the selected clusters. On the contrary, two-stage cluster sampling refers to not only the random selection of a subset of all clusters but also to the random selection of a subset of the elements to be assessed within the selected clusters. In this context, three small sub-catchments/clusters ( Figure 2 ) were randomly selected from the total of 154 small sub-catchments/clusters of the case study catchment. The one-stage cluster sampling was then carried out by systematically mapping all of their fields.
For this task, a tablet computer running Microsoft Windows 10 with Esri ArcPad version 10.2.1 employing an external Global Positioning System (GPS) receiver was used. The field borders could be taken from a (geo-)database related to the Integrated Administration and Control System (IACS) of the Common Agricultural Policy (CAP) of the European Union (EU) [42] . A high-quality governmental mapped stream network was available from the Federal Office of Metrology and Surveying [43] and digital orthophotos were contributed by the State Government of Upper Austria. Moreover, for referencing, a picture geodatabase was created containing overview pictures and pictures showing the relevant details of each field.
About 650 ha of agricultural land corresponding to 323 fields were mapped in total ( Table 2 ). These are approximately 2.5% of the overall agricultural land within the case study catchment. Each mapped cluster has its own characteristics: cluster A is elongated with tendentiously steep slopes and roads mainly on the ridges, cluster B has a tree-like stream network, tendentiously gentle slopes and roads mainly on the ridges as well and cluster C has roads primarily leading across hillsides and partially cased streams. The fairly smaller average field size of cluster C may be due to its roads leading across hillsides, which split more fields apart. While cluster A's diffuse PP emissions reaching surface waters are with roughly 3.4 kg ha −1 rather high due to its steep slopes, those of cluster B and C are lower and amount to roughly 1.4 and 1.1 kg ha −1 respectively. The case study catchment with the three randomly selected and systematically mapped clusters as well as the seven water quality gauges along the river Pram used for calibrating PhosFate.
Modelling the Impact of Storm Drains at Road Embankments on PP Transport
The PhosFate Model
PhosFate is a semi-empirical, spatially distributed phosphorus emission and transport model created for the identification of critical source areas in a management context at catchment scale [22, 23] . It is based on raster GIS data and utilises the (R)USLE [38] [39] [40] incorporating a single flow algorithm version of the slope length factor of Desmet and Govers [44] . PP emissions are then calculated from the erosion and PP content of each raster cell considering a local enrichment ratio [24] .
The PP transport part of PhosFate consists of the computation of the PP retention via an exponential function of the cell residence time and a mass balance equation considering the inflowing PP load, the local PP emission and the local as well as the transfer PP retention. Computing the cell residence time requires the calculation of the hydraulic radius among others. This variable in turn involves model parameters related to discharge frequency [24] . So again, a potential (transport potential) is calculated. PP transport as calculated by PhosFate thus reflects maximum potential PP transport for a chosen discharge frequency.
Storm Drains Model Extension
The current version of PhosFate does not consider any linear structures potentially influencing PP transport. As a result of the field mapping campaign (see Section 3.1), it was deemed necessary to take storm drains at varying distances along road embankments often in combination with roadside ditches (Figure 3 ) into account. An algorithm incorporating known locations of storm water infrastructure is the (W)ASI algorithm [45, 46] . At catchment scale, however, particularly the locations of rural storm drains are hardly known. It was therefore decided to regard every raster cell bordering and flowing in the direction of a road as a storm drain with its outlet at the nearest stream cell (cf., [9] ). Since the flow lengths in roadside ditches between the actual locations of surface runoff leaving a field and entering a storm drain remain unknown choosing such an approach, the retention potential in roadside ditches is likewise unknown. Retention in roadside ditches was thus considered globally by means of a transfer coefficient. This transfer coefficient represents the share of PP emissions reaching a storm drain, which is further routed to a stream cell. In this way, it emulates retention in roadside ditches.
In order not to account retention in roadside ditches to the bottom cells of fields bordering roads, it was necessary to introduce an additional raster layer taking care of this. The purpose of this layer is to store the amount of PP emissions further routed to a stream cell, which allows for calculating the amount of PP retained in roadside ditches among others.
Modelling Case Study
The storm drains model extension was tested at a spatial resolution of 10 × 10 m on several scenarios within the case study catchment: two road and three transport coefficient scenarios. Both types of scenarios were combined one by one adding up to six scenarios in total. The first road scenario takes all asphalt roads (termed all roads) and the second just major roads into account. Road data was taken from an up-to-date governmental reference routing dataset [47] and while the major roads scenario encompasses about 100 urban and 200 km non-urban roads, the all roads scenario encompasses about 500 urban and 850 km non-urban roads.
Compared to the natural stream network, which is about 700 km long, this means that the non-urban road network is even longer than the natural stream network. In this comparison, it has to be considered, though, that roads usually have one uphill side only, whereas streams are fed from both of their sides.
Regarding the transport coefficient scenarios, values of 0.4, 0.6 and 0.8 were chosen and kept constant during calibration. The channel deposition rate was furthermore calibrated on a fixed total in-channel PP retention at catchment outlet of approximately 20%. This value was adopted from a modelling study [25] with the lumped catchment model MONERIS [48] [49] [50] . The period of the modelling case study ranged from the year 2008 to the year 2013 and all model parameters related to discharge frequency for the calculation of the hydraulic radius were set accordingly, i. e. to a recurrence interval of six years.
As most important input data for the model served the already mentioned (geo-)database related to the IACS of the CAP of the EU [42] . It not only contains field borders of agricultural land but also detailed information on cultivated crops as well as the different factors of the USLE. Other important input data were a DEM with 10 × 10 m resolution utilised for flow routing as well as slope calculation, a dataset based on the digital cadastre map providing non-agricultural land use and another dataset derived from the digital soil map of Austria encompassing top soil characteristics. The State Government of Upper Austria contributed the latter three datasets. In addition, Manning's roughness coefficients were taken from Engman [51] and data on PP accumulation in top soil from Zessner et al. [30, 52] . Zessner et al. [53, 54] give more detailed information on the input data.
Calibration quality was assessed with the help of Nash-Sutcliffe efficiency (NSE), modified Nash-Sutcliffe efficiency (mNSE), percent bias (PBIAS) and ratio of the root mean square error to the standard deviation of measured data (RSR) [55, 56] by comparing observed mean annual PP loads of seven water quality gauges along the river Pram ( Figure 2 ) with modelled mean annual PP loads at the same locations (Table 3) . Table 3 . Modelled shares of storm drains at road embankments on total PP emissions including the calibration quality of the six modelled scenarios and plausibility check of the chosen PP transfer coefficients in roadside ditches utilising the estimated PP retention per metre roadside ditch range. The closer the values of the modelled mean PP retention in roadside ditches and the mean estimated PP retention per metre roadside ditch range for a given transfer coefficient scenario are, the more plausible we consider the coefficient.
All Roads
Major [57] for the full period of the modelling case study (2008 to 2013). It is a routine sampling programme with a sampling interval of two weeks and measures PP concentration according to EN ISO 15681-2 and EN ISO 6878 with a minimum limit of quantification (LOQ) of 0.005 mg L −1 . This data was then combined with stream discharge from the web GIS eHYD [31] and mean annual PP river loads were calculated according to the flow intervals method of Zoboli et al. [58] .
This method facilitates the calculation of river loads for different flow conditions. Since the PP loads modelled by PhosFate represent solely rainfall induced loads stemming from erosion, they cannot be directly compared to total PP river loads. For this, the total PP river loads first have to be reduced by the amount of PP emanated during baseflow conditions.
One of the results of the extended PhosFate model is the ratio of emissions reaching surface waters via cells defined as storm drains on total emissions. In order to check the chosen transfer coefficients, which strongly affect this ratio, for plausibility, it was possible to obtain data concerning roadside ditch cleaning from the State Government of Upper Austria (personal communication). Although this data is from the year 2015 only, it integrates over a period of approximately 10 to 15 years as this is the regular interval of cleaning campaigns. It was not possible to get additional years, since data on these operations is not part of general record keeping.
In total, data on the amount of material removed from a cleaned length of about 80 km was collected. This data was then used to estimate average minimum and maximum values of PP retention per metre roadside ditch (3.0 to 11.3 g m −1 ). Despite the consideration of different soil particle densities and material types as well as cleaning intervals to account for uncertainty, this best to worst case range has to be considered as indicative only, as it originates from little data. Nonetheless, the minimum, mean and maximum values of this estimated range could be used to check if the modelled retention rate due to the chosen transfer coefficients in roadside ditches is plausible.
Statistical Inference of the Overall Impact of Storm Drains at Road Embankments on Diffuse PP Emissions
While fields appear to be the "natural" mapping unit from a management point of view, they are problematic from a statistical point of view. Due to potential flow routing from one field to another, not all of them are statistically independent. This problem was solved, however, by allocating all mapped fields influenced by road embankments to delineated zero-order catchments.
Subsequently, we applied a Bayesian hierarchical model on the reallocated data. The purpose of this model was to infer the mode as well as an equal-tailed credible and highest posterior density interval (HPDI) for the share of road embankments with subsurface drainage on all road embankments in the case study catchment. In order to make a best estimate of the overall impact of storm drains at road embankments on diffuse PP emissions, the results of the Bayesian model in turn were combined with the results of the extended PhosFate model.
The Bayesian model considered all 154 clusters of the case study catchment of which the data of three was known. First, the number of zero-order catchments influenced by road embankments was drawn from a Poisson distribution with a weakly informative gamma prior for the unmapped clusters. Then the number of influenced zero-order catchments with subsurface drainage was estimated from the total number by means of a binomial distribution. Its success probability was allowed to vary on the logit-scale for each cluster. For this, a weakly informative normal prior on its mean and a weakly informative half-Cauchy prior as a conservative choice on its standard deviation [59, 60] were applied. The model was written in R [61] using JAGS (Just Another Gibbs Sampler) [62].
Results
Field Mapping Campaign
Among the mapped clusters and agricultural land use types, the minimum share of fields connected in a natural way is about 50 and the maximum about 75%, whereas fields connected in an artificial way constitute approximately 10 to 30 % (Figure 4 ). The proportion of fields showing both attributes lies between roughly 5 and 15% and fields not connected at all exhibit a minimum share of 0 and a maximum of about 10%. Furthermore, a fifth category was identified and termed "vegetated buffer strips" (VBS). These are grassland fields connected in a natural way and located between arable land and streams showing some of the properties (i.e., dimensions) of "normal" VBS. They are, however, not arable land with VBS but leftovers, which for some reason were not turned into arable land and are not subject to fertiliser restrictions. Their share varies between approximately 10 and 15% among the grassland fields and constitutes roughly 5% of all mapped fields. Moreover, a general comparison of all these results-especially when accounting the mapped "VBS" to grassland fields connected in a natural way-indicates a rather low overall variability.
Due to the assessment of the explanatory details, it was possible to analyse the causes of fields not being connected in a natural way and the different types of artificial connections present in the mapped clusters ( Figure 5 ). Fields categorised as "VBS" were excluded from this analysis. Table 4 shows the causes and their respective shares as identified in the field mapping campaign. These data clearly reveal that road embankments are the main cause of influence on emissions and transport pathways (approx. 65%). They are followed by single storm drains unrelated to roads or roadside ditches and influences stemming from differences between the actual and the mapped stream network (e.g., as a result of cased streams or unknown channels) (both approx. 15%). The remaining almost 10% are composed of a variety of causes including sinks and settlements.
Considering all mapped fields, road embankments with subsurface drainage (i.e., storm drains at varying distances along road embankments often in combination with roadside ditches) are responsible for influencing emissions and transport pathways of almost a quarter of the fields. Given that about 45% of the mapped fields are subject to an influence, road embankments with subsurface drainage account for approximately half of all influences present in the mapped clusters. They furthermore constitute about 80% of the fields influenced by road embankments. 
Impact of Storm Drains at Road Embankments on PP Transport
The calibration quality of the six modelled scenarios (two road and three transport coefficient scenarios) indicates good model performance (cf., [56] ) and is consistent across all scenarios (Table 3) . Unfortunately, a validation with independent river loads could not be performed, since not all of the input data are available at the same spatial resolution in another period of time.
The plausibility check of the chosen PP transfer coefficients in roadside ditches utilising the estimated PP retention per metre roadside ditch range demonstrates that a transfer coefficient of 0.6 fits best with both road scenarios. Whereas a transfer coefficient of 0.8 scrapes at the lower limit of the estimated PP retention per metre roadside ditch range in both instances, a transfer coefficient of 0.4 only scrapes at the upper limit of the major road scenario and indicates that the best fit actually seems to be somewhere between a transfer coefficient of 0.5 and 0.6 in the other case.
A comparison of the modelled shares of storm drains at road embankments on total PP emissions between the six modelled scenarios results in a small range of 8 to 14 % for the major roads scenarios and a big range of 27 to 44 % for the scenarios considering all roads. Overall, the range encompasses a share of as little as approximately one tenth and as much as almost one half.
Best Estimate of the Overall Impact of Storm Drains at Road Embankments on Diffuse PP Emissions
Overall, the retention rate as calculated by the extended PhosFate model fits well to real world data. By comparing the values of the transfer coefficients and the resulting mean estimated PP transfer ratios in roadside ditches, it can be concluded that a transfer coefficient of 0.6 fits best and is therefore the most likely coefficient. However, neither the major roads nor the all roads scenario seems to appropriately reflect the situation in the case study catchment.
According to the results of the Bayesian model, the mode of the share of road embankments with subsurface drainage on all road embankments is 77% and the equal-tailed 95% credible interval ranges from 20 to 98%. While this is quite a big range, the 90% HPDI ranges from 54 to 100% only. Taking into account that the case study catchment appears all in all fairly homogeneous, our best estimate of the share of storm drains at road embankments on total PP emissions consequently ranges from about one fifth to one third. This estimate was obtained by combining the 90% HPDI with the PhosFate results of the all roads scenario with a transfer coefficient of 0.6.
Discussion
By applying the mapping key presented here, it could be shown that it is capable of collecting valuable information on agricultural and civil engineering structures potentially influencing emissions and transport pathways in agricultural catchments. It clearly revealed that the main influencing factor in the mapped clusters are road embankments with subsurface drainage and that the most important question in this case study catchment is whether a road embankment is equipped with one or more storm drains or not.
A limitation of the mapping key is that it is adequate to assess structural but not functional elements of connectivity. It thus only points out potential connectivity [34] . This, however, fits well to spatially distributed models like PhosFate, which incorporate the (R)USLE, as this equation only estimates an (erosion) potential as well. Beyond that, due to the involvement of parameters for the calculation of the hydraulic radius related to discharge frequency, PhosFate again calculates a (transport) potential only. This calculation of mere potentials can be considered a limitation of the chosen modelling approach, which otherwise shows a good ratio of model performance to data requirements (cf., [4] ).
Calibrating PhosFate on several water quality gauges along the main river of the case study catchment ensured that the utilised input data reflect the spatial distribution of the relevant transport pathways and that the assumption of global calibration parameters was justified. The fact that all modelled scenarios show an equally good calibration quality further supports this.
When interpreting the channel and in particular the field deposition rate resulting from calibration, one has to bear in mind, though, that they include a temporal component. This means that apart from integrating catchment properties influencing transport (e.g., density and average width of hedges as well as reins not covered by the land use input data), they also relate the local modelled mean annual transport loads corresponding to the chosen discharge frequency of the hydraulic radius to the global observed mean annual loads at water quality gauges. In other words, they at least partly control whether a certain area contributes to the overall river load (i.e., becomes connected) or not (cf., [63] ).
Another limitation of the mapping key is its use of discrete mapping units. For one thing, they are of different sizes, for another, due to potential flow routing from one unit to another, not all of them may be statistically independent. The latter can be solved by delineating zero-order catchments and using these as mapping units.
Addressing the issue of different sizes is more challenging. In fact, assuming an equal-sized sampling grid at a spatial resolution smaller than the average field size would increase the issue of dependent samples, whereas a sampling grid at a spatial resolution larger than the average field size would lead to ambiguity. This already is a problem with fields (e.g., same field on both sides of a ridge) and means that a certain property is sometimes only valid for the majority but not all of the assessed area.
Getting back to zero-order catchments, though, and assuming that the sizes of those (parts) showing a certain property and those not showing a certain property average out in a sampling cluster (i.e., small sub-catchment in this case), this issue can probably be neglected, as the weights stay the same in both cases. This would even allow for a geostatistical approach, interpolating ratios between clusters [64] . The total number of affected units and their associated areas or pollutant loads could then be estimated with the help of auxiliary data.
Ali and Roy [32] compare different spatial sampling schemes and conclude that cyclic sampling is the most adequate sampling design for geostatistical analysis. It should therefore be investigated how and with how much effort it can be successfully applied to cluster sampling within catchment areas of several hundred square kilometres and if the above assumption holds true.
So while the use of fields as mapping units worked well, there may be much precision to gain by switching to zero-order catchments in the future. This, nonetheless, has the complication of many possible statistical populations (cf., [65] ), each strongly depending on the type and resolution of elevation data as well as flow routing algorithm used for their delineation. Again, future research should investigate if mapping results are sensitive to these and if it may be advantageous to only consider zero-order catchments with a certain minimum size or showing a certain shape for statistical inference.
Furthermore, another limitation of the chosen modelling approach results from using a global transport coefficient. As storm drains are usually built at locations of high overland flow concentration, it is not unlikely that their locations also exhibit high erosion and in turn high diffuse PP emissions along with steep slopes and short or even no passages through roadside ditches where retention can take place. A global transport coefficient simply considering average conditions may therefore overestimate retention under such conditions. Thus, the overall impact of storm drains at road embankments on diffuse PP emissions may be even higher. This consideration should likewise be subject of future research.
Finally, if one wanted to know the exact locations of, for example, storm drains or culverts, a conceivable solution could be to focus on a narrow strip along roads only. In this case, the question could be formulated as machine learning classification problem for which several existing model types could be utilised (e.g., logistic regression, decision trees, support vector machines and artificial neural networks).
A good start for this might be to use high resolution orthophotos in combination with high resolution airborne topographic Light Detection And Ranging (LiDAR) data as input to learn from. Another possibility would be to equip a car with appropriate sensors and collect topographic LiDAR data including pictures and videos from the roadsides by merely driving along all of them or at least along those of interest [66] . In the light of rather recent advancements in image recognition with deep neural networks (e.g., [67] ) and their emerging ability to produce a measure of uncertainty even in the context of large scale image classification problems [68] , such a task becomes less and less utopian. To get an idea of what is going on in a catchment area, such detail, however, is usually not required.
Conclusions
The influence of road embankments with subsurface drainage can be of importance in catchment areas with a strong tradition towards this drainage type. In case there is indication of this in a certain catchment, a field mapping campaign assessing the degree of their influence should be performed. This is particularly important when trying to identify critical source areas and finding suitable spots for the implementation of measures reducing pollutant emissions into surface waters (cf., [69] ).
Field observations capable of collecting valuable information on agricultural and civil engineering structures potentially influencing emissions and transport pathways can already be accomplished with very simple means. Carried out with a mobile GIS application and a simple mapping key as the one presented in this study, they can easily be integrated into the preparation of modelling studies aiming at the identification of critical source areas at catchment scale. In the end, the combination and comparison of field observations with simplifying hypothesis [70] and model output [71, 72] proved to be of great help in assessing the impact of agricultural and civil engineering structures in this case study catchment. Acknowledgments: The authors especially thank Franz Überwimmer and Ulrike Steinmair of the State Government of Upper Austria for hosting constructive discussions of the results. Furthermore, our thank goes to Markus Langer, Andreas Lechner and Helene Trautvetter for carrying out the field mapping campaign as well as to Ottavia Zoboli and Arabel Amann for their valuable help in improving the manuscript.
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The authors declare no conflict of interest. Tables   Table A1. Connected or not in a natural way. Mosimann et al. [33] acknowledge obstacles higher than 50 cm as effective barriers for surface runoff, preventing connectivity, and so do we.
Appendix A. Mapping Key
Code Description
0
Not connected in a natural way 1
Connected in a natural way Table A2 . Explanatory details for mapping units not connected in a natural way. Particularly code 4 and 5 in combination with the codes of Table A3 can also be used to indicate a change in connectivity (e.g., a change from direct towards diffuse connectivity).
Code Description
1
Road embankment 2
Levee or other linear structure 3 Depression 4
Previously mapped stream is missing 5
Previously mapped stream is cased 99 Other Table A3 . Explanatory details for mapping units connected in a natural way.
Code Description
1 Directly connected to a previously mapped stream 2
Direct connectivity via a previously unknown channel 3
Direct connectivity via a gully 4
Diffuse connectivity 99
Other Table A4 . Artificial connection. 0  Not present  1  Present  2 Diffusely present in a downstream mapping unit Table A5 . Explanatory details for mapping units connected in an artificial way. Diffuse connectivity in this context means that an artificial connection is either diffusely present in a downstream mapping unit (see code 2 of Table A4 ) or that an artificial structure is not directly connected to a surface water (e.g., a ditch ending in a forest).
1 Direct connectivity via an inter-field ditch 2
Direct connectivity via a roadside ditch 3
Direct connectivity via a storm drain 4
Direct connectivity via a culvert 5
Direct connectivity via a (roadside) ditch with (a) storm drain(s) 6
Direct connectivity via a (roadside) ditch with (a) culvert(s) 7
Diffuse connectivity via an inter-field ditch 8
Diffuse connectivity via a roadside ditch 9
Diffuse connectivity via a storm drain 10
Diffuse connectivity via a culvert 11
Diffuse connectivity via a (roadside) ditch with (a) storm drain(s) 12 Diffuse connectivity via a (roadside) ditch with (a) culvert(s) 99
Other Table A6 . Presence and absence of natural features as well as artificial point-shaped and linear structures. 1  Channel  2  Gully  3 Inter-field ditch 4
Roadside ditch 5
Storm drain 6 Sewer 7 Culvert 8
Stream casing 9
Missing, previously mapped stream 99
Other
